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We consider the nonlinear dynamics of a long-term copepod (small crustaceans) time series sampled weekly in the Med-
iterranean sea from 1967 to 1992. Such population dynamics display a high variability that we consider here in an inter-
disciplinary study, using tools borrowed from the ﬁeld of statistical physics. We analyse the extreme events of male and
female abundances, and of the total population, and show that they both have heavy tailed probability density functions
(pdf). We provide hyperbolic ﬁts of the form p(x)  1/xl+1, and estimate the value of l using Hill’s estimator. We then
study the ratio of male to female abundances, compared to the female abundances. Using conditional probability density
functions and conditional averages, we show that this ratio is independent of the female density, when the latter is larger
than a given threshold. This property is very useful for modelization. We also consider the product of male to female abun-
dances, which can be ecologically related to the encounters. We show that this product is extremely intermittent, and link
its pdf to the female pdf.
 2006 Elsevier B.V. All rights reserved.
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A pervasive feature of environmental and geophysical ﬁelds is their high variability at many diﬀerent time
and space scales. Given these external constraints, population dynamics is also characterized by a high vari-
ability over time or space [1–4]. While many studies in population ecology have focused on average evolutions
over time, or considered mean ﬂuctuations, some of them have been concerned by the modelization of
extremes [5–8,10]. Extremes are ecologically important for many reasons: high numbers of a species corre-1007-5704/$ - see front matter  2006 Elsevier B.V. All rights reserved.
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availability for predators. In the marine ecology framework, phytoplankton blooms are extreme densities, and
may induce ecological disturbances. That is the case of harmful algal blooms (HABs) whose occurrence may
aﬀect higher forms of life such as zooplankton, shellﬁsh, ﬁsh, and subsequently may constitute health risk for
human. Other examples may encompass beneﬁts for human, such as extreme densities of crustacean zooplank-
ton populations which provide favorable conditions for important commercial ﬁsh, such as cod, sardine and
anchovy. We study here the dynamics of a species belonging to crustacean zooplankton: the planktonic cope-
pod Centropages typicus.
In ocean ecosystems planktonic copepods constitute majority of the mesozooplankton biomass. Their sec-
ondary production supports most of the food webs in the open sea directly aﬀecting pelagic ﬁsh populations
and the biological pump of carbon into the deep ocean [9]. Moreover, these organisms have a typical size of
the order of millimeters, a fast life cycle (1 month) and are usually considered to be deeply adapted to their
turbulent environment, while being also sensitive to variabilities in the environmental properties, such as tem-
perature, turbidity, turbulence intensity.
We analyse here a long-term data base of C. typicus abundance, sampled every week from 1967 to 1992,
focusing on the nonlinear dynamics of the male and female populations, and their extremes. The next section
presents the data. Afterwards we analyse extreme events of male and female population abundances in the
following section. In Section 3 we focus on the ratio male to female, and on its statistical dependence on female
population time series. This section provides many new results that can be used directly to model the dynamics
of its population. We conclude in the last section.
2. Presentation of the data base
The Villefranche Bay is situated in the Ligurian Sea, Northwestern Mediterranean (Fig. 1). In the mouth of
the bay, a monitoring of plankton variability has been carried out by the Oceanographic Observatory of
Villefranche, France (sampling station Pt B located at 43 41 0 N; 7 19 0 E) since January 1967. During day-
light, plankton sampling was carried out by vertical hauls using a Juday–Bogorov net (mouth aperture 0.5 m,
ﬁltering length of 1.80 m and mesh size of 330 lm) from the bottom to the surface (0–75 m). Counts of C. typ-Fig. 1. Map of the Western Mediterranean Sea (inset) and a zoom to the South East Mediterranean Coast of France, showing the
sampling position (B in the map), which is located in the Villefranche bay, near Nice.
Fig. 2. Times series being analysed here: females (F) and males (M) in individuals per cubic meters. Huge ﬂuctuations in population
densities are clearly visible.
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period January 1967–December 1992. The resulting time series for male and female abundance are shown in
Fig. 2: huge ﬂuctuations are clearly visible, indicating the intermittency properties of the time series.
3. Extreme events
The probability density function of male, female and total abundance time series is displayed in Fig. 3.
Since we focus here on extremes, these pdfs are represented in log-log plots, emphasizing the tail behaviour.
They have a tail of the formpðX ¼ xÞ ¼ C0
xlþ1
; x  1 ð1Þwhere C0 is a constant, X is the time series, x a threshold value and l > 0 a parameter characterizing the
power-law tail behaviour. Such distributions have been given many names in the literature, depending on
the ﬁelds, called ‘‘power-laws’’, ‘‘hyperbolic distributions’’, ‘‘Pareto’’. In the mathematical theory of extreme
events [11], these laws correspond to ‘‘type II’’ and are sometimes called ‘‘Frechet laws’’. Such tail behaviour is
much heavier than Gaussian or even lognormal distributions, indicating that extreme events are much more
frequent. Power-law distributions have been found in many applications in the ﬁelds of natural or human sci-
ences: for general reviews, see [12,13]. Hereafter we denote such tail behaviour as power-law or hyperbolic
distributions.
The value of the parameter l is important to characterize such distribution. The smaller the parameter, the
more intermittent is the time series. If the tail provided by Eq. (1) is valid without upper bound, moments of
order l, divergehX li ¼
Z
xlpðxÞdxP C0
Z
dx
x
! 1 ð2ÞThe parameter l is then a critical order of divergence of moments. When l 6 2, the variance of the process
diverges, and when l 6 1 the mean is not deﬁned. The value of l can be provided using an estimator [14–
16]. A classical estimator is Hill’s estimator [14], deﬁned as
Fig. 3. The pdf of male (M), female (F) and total population (M + F) abundances, in log-log plot. Such display emphasizes the heavy tails
of experimental data. The dotted straight line corresponds to a hyperbolic probability density with an analytical expression of the form
xl1, with l = 2.5.
Fig. 4.
of dat
estima
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i¼1 log
X ½i
X ½kþ1
ð3Þwhere the original time series has been ordered, the result denoted X[i]:X ½1 P X ½2 P X ½3   P X ½k   P X ½n ð4Þ
This estimator corresponds to a mean estimation of the slope of the last k points of the pdf. When k is too
small, a scatter is expected on the values of l(k); for larger values, the estimated value of l is given by the
plateau reached by the estimator l(k). When the hyperbolic law is valid only for extreme events, the estimatorHill estimator applied to the total adult population of C. typicus: for small values of k, the estimator ﬂuctuates due to poor amount
a; for a medium range of k values, the estimator is very stable, providing a value of l = 2.5 ± 0.05. For larger values of k, the
tor reaches values that do not belong to the hyperbolic tail, and hence it decreases.
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Fig. 4: a plateau is reached for a range of values of k. For these values, we have the following estimation:
l = 2.5 ± 0.05. This value is quite small; it indicates that the variance of the population is deﬁned, but theo-
retically, its skewness diverges. In practice, this means that the skewness estimated is a value that depends on
the number of realizations taken into account: the larger the number of realizations, the larger the numerical
estimation of the skewness (see [17] for a discussion in another context). Such ﬁt of the pdf is also interesting
for the purpose of modelling of population dynamics. In the following we discuss the male–female dynamics in
this framework.
4. Male–female dynamics
4.1. Male to female ratio
We study here the correspondences between male and female abundances. First, Fig. 5 represents as a scat-
ter plot the female data versus the male data: the straight line of equation F =M is clearly a mean behaviour,
but there is an important scatter around this mean behaviour, indicating no deterministic relation. We thus
now focus on a stochastic relation between the two series, with the introduction of the ratio r, deﬁned as (when
F5 0):Fig. 5.
popularðtÞ ¼ MðtÞ
F ðtÞ ð5ÞThis ratio is seen as a new time series, whose statistical properties will be studied here, conditioned on the val-
ues of F. We ﬁrst estimate the conditional average of r, denoted as m(x):mðxÞ ¼ hrðtÞjF ðtÞ ¼ xi ¼
Z
rðtÞpðrðtÞjF ðtÞ ¼ xÞdt ð6Þm(x) is thus the average value of r, estimated for a limited range of values of F. For the experimental estima-
tion, the range of values of F (between a minimum Fmin and a maximum value Fmax) is divided into a ﬁnite
number of intervals. The conditional average is then hrðtÞjx Dx
2
6 F ðtÞ 6 xþ Dx
2
i where Dx is the width of the
interval considered around position x. This has been performed for many intervals bounded by Fmin and Fmax.A scatter plot representing females (F) versus males (M), showing that there is no obvious deterministic relation between each
tion.
Fig. 6. The conditional average hrjFi of the ratio r =M/F conditioned on values of the female abundance F. When F is larger than 10
individuals/m3, the ratio is close to 1, while for F smaller than 10, the ratio is larger, reaching values close to 24 for very small abundance.
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is close to 1, while for F smaller than 10, the mean ratio is larger, reaching values close to 24 for very small
abundances.There are 1229 values for which r can be estimated (when F5 0); on this total population, the
mean is m = hri = 1.26. For the mean conditioned on larger values of F, there are 877 values, with the mean
given as: m+ = hrjFP 10i = 0.97. For the mean conditioned on smaller values of F, there are 352 values, with
the mean given as: m- = hrjF 6 10i = 1.98. This numerically conﬁrms the visual information provided by
Fig. 6. In the modelization of male-female population dynamics, it is then possible to model the male popu-
lation depending on the female density; for larger female density, the multiplicative factor is a random variable
of mean 1, and of pdf given by Fig. 7. For smaller female density values, a new random variable must be cho-
sen, having a mean which increases for smaller values of the female density, as shown by the left-hand side of
the curve in Fig. 6.Fig. 7. The conditional pdf of the ratio r, estimated for values of female abundance F larger than 10 individuals/m3.
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Two of the major aspects of copepod dynamics involve contact rates between particles in turbulent
ﬂows: predator–prey encounter rates, and mating encounter rates. The modelization of encounters is thus a
critical issue in plankton ecology. Models of encounter rate involve behaviour and turbulence kernels, and
the population density. The total encounters between a population of M males and F females may be written
as:Fig. 8.
with exZ ¼ MFKðturb; behavÞ ð7Þ
where K(turb, behav) denotes behaviour and turbulence kernels. Here we do not consider these kernels, and
study instead the prefactor given by the product P =MF of the densities. We have seen above that the den-
sities are extremely intermittently distributed. We thus expect that the prefactor P is also of high variability.
We have estimated this product and its pdf: Fig. 8 shows that it also belongs to power-law distributions; in fact
for this ﬁeld, the power-law is a rather good ﬁt for the whole range of the distribution. The same ﬁgure shows
the Hill estimator applied to the product time series, and giving the value l = 1.25 ± 0.05. This index is really
small, indicating that the variance of the variable P is not deﬁned.
We notice that the tail index l obtained for the product is half the one found in Figs. 3 and 4. We provide
here a possible theoretical explanation of this relation. We note that P =MF = rF2 and thus its probability
can be written asPrðP P xÞ ¼
Z
PrðF 2 P x=u; r ¼ uÞdu ð8Þassuming independence for large values of the female abundances, this becomes
Z
PrðF 2 P x=uÞPrðr ¼ uÞdu ¼
Z
PrðF P
ﬃﬃﬃﬃﬃﬃﬃ
x=u
p
ÞPrðr ¼ uÞdu ð9ÞHere since the density of F has a power-law tail of exponent l  1, its probability distribution has a tail l,
andPrðF P
ﬃﬃﬃﬃﬃﬃﬃ
x=u
p
Þ  x
u
 l=2
;
x
u
 1 ð10ÞThe pdf of the product P =MF of male and female abundances, in log–log plot, showing an extremely intermittent distribution
treme events obeying an hyperbolic law of the type p(x)  xl1 with l = 1.25 ± 0.05 as estimated using Hill’s estimator (inset).
414 F.G. Schmitt et al. / Communications in Nonlinear Science and Numerical Simulation 13 (2008) 407–415Eqs. (9) and (10) ﬁnally givePrðP P xÞ  xl=2hrl=2i  xl=2; x  1 ð11Þ
This shows that the pdf of the product is also a power-law, with a characteristic exponent of l/2.
5. Discussion
The investigation of extreme events has numerous implications in ecology since they shape the physiology,
ecology and evolution of organisms. Some relevant examples in ecology are provided by HABs, microphyto-
benthos patches when power pdfs have been found for spatial ﬂuctuations [18], large-ﬁre disruptions, extinc-
tions of populations [8]. And recently an increasing awareness exists on extreme events in marine ecosystems
which have occurred across distinct regions and over a large spectrum of marine food webs, and seem to be
related to climate ﬂuctuations. The approach we used in this work shows that understanding the dynamics of
extreme events constitutes a powerful tool to model not only the frequency but also the severity of such events.
Furthermore, these results have implications for the modeling of the population growth but also the dynamics
of the encounters between sexes, which drives mating systems. This is important since for populations of spe-
cies that reproduces sexually the population growth may be constrained by encounters [17].
Although the approach used was applied on a single species, the procedure may be used to investigate
extreme events in other populations, such as gelatinous carnivores, harmful algal blooms, whose incidence
may constitute public health risks and may have an eﬀect on losses of ﬁsheries activities, as well as on tourism.
Intermittency is a well-known phenomenon in various ﬁelds of physics and occurs frequently in biological
time-series. Hence, it should be taken into account when studying the dynamics of populations. Here we have
shown that once the dynamics and properties of extremes have been identiﬁed the population can be described
by a simple reduced-order model involving few parameters. Subsequently, these models may have numerous
applications, because extremes in population densities are often associated with substantial consequences in
the population dynamics (e.g. outbreaks, drops). A further step should investigate whether extreme events
in ecological time series are driven by the intrinsic population dynamics or related to extreme events in phys-
ical forcing.
Another possible application of these results is that they stress a potential selective pressure which may vary
at high and low density populations, as showed by the strong deviation from 50:50 ratio of males females. At
small female density (<10 individuals/m3) the males density increases. From the ecological point of view, the
low female densities may reduce the population growth because of the small population size, the so-called
Allee eﬀect [19], and the higher number of males may enhance the encounter matings between sexes. This
is likely a challenge the population must deal to avoid the risk of extinction, and more generally this is a cen-
tral question in ecology: understanding how competition for resources changes individual ﬁtness at low com-
pared to high densities [20–22].
Overall, for long-time little attention has been given to extremes events in marine ecology, even though they
strongly inﬂuence the functioning of ecosystems (i.e. pests, extinctions, regime shifts). The statistics of such
events oﬀer a potential advantage to scale their properties and hence to incorporate them into forecast studies.
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